A Syntactic Time-Series Model for Parsing Fluent and Disfluent Spedc*
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Disfluency is one obstacle preventing speecEt
recognition systems from being able to recog
nize spontaneous speech. Perhaps the most cf}
lenging aspect of disfluency recognition is the
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Abstract

This paper describes an incremental ap-
proach to parsing transcribed spontaneous
speech containing disfluencies with a Hier-
archical Hidden Markov Model (HHMM).
This model makes use of the right-corner
transform, which has been shown to in-
crease non-incremental parsing accuracy
on transcribed spontaneous speech (Miller
and Schuler, 2008), using trees trans-
formed in this manner to train the HHMM
parser. Not only do the representations
used in this model align with structure in
speech repairs, but as an HMM-like time-
series model, it can be directly integrated
into conventional speech recognition sys-
tems run on continuous streams of audio.
A system implementing this model is eval-
uated on the standard task of parsing the
Switchboard corpus, and achieves an im-
provement over the standard baseline prob-
abilistic CYK parser.
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series parsing model, and evaluate that system on
the standard Switchboard corpus parsing task.

The speech repair terminology used here fol-
lows that of Shriberg (1994). A speech repair con-
sists of areparandum aninterruption point and
thealteration The reparandum contains the words
that the speaker means to replace, including both
words that are in error and words that will be re-
traced. The interruption point is the point in time
where the stream of speech is actually stopped, and
the repairing of the mistake can begin. The alter-
ation contains the words that are meant to replace
the words in the reparandum.

2 Background

Historically, research in speech repair has focused
on acoustic cues such as pauses and prosodic con-
tours for detecting repairs, which could then be ex-
cised from the text for improved transcription. Re-
cent work has also looked at the possible contribu-
tion of higher-level cues, including syntactic struc-
ture, in the detection of speech repair. Some of this
work is inspired by Levelt's (1983) investigation of
the syntactic and semantic variables in speech re-
airs, particularly his well-formedness rule, which
ates that the reparandum and alteration of a repair
t'%loically have the same consitituent label, similar
coordination.

Hale et al. (2006) use Levelt's well-formedness

phenomenon of speech repair, which involves Rule to justify an annotation scheme where unfin-

speaker realizing a mistake, cutting off the ﬂ°W|shed categories (marked X-UNF) have the UNF

of s.peech, and th'en continuing on, possibly Sabel appended to all ancestral category labels
tracing and replacing part of the utterance to tha&ll the way up to the top-most constituent be-

point. This paper will describe a system which 8Pheath an EDITED label (EDITED labels denoting

plies a syntactic model of speech repair to a tlmea—l reparandum). They reason that this should pre-

The authors would like to thank the anonymous reviewyent grammar rules of finished constituents in the

ers for their input. This research was supported by Nationqé : L
Science Foundation CAREER/PECASE award 0447685, THe2rPUS from corrupting the grammar of unfinished

views expressed are not necessarily endorsed by the spons&@nstituents. While this annotation proves helpful,

©2008.  Licensed under theCreative Commons it g|so |leads to the unfortunate result that a large
Attribution-Noncommercial-Share Alike 3.0 Unporteld d . | ial . les t
cense (http://creativecommons.org/licenses/by-nc-sa/3.07’)('?paran um requires several special repair rules o

Some rights reserved. be applied, even though the actual error is only

569
Proceedings of the 22nd International Conference on Computational Linguistics (Coling 2008), pages 569-576
Manchester, August 2008



happening at one point. 2.1 Right-corner transform

Intuitively, though, it seems that an error is onlyThe right-corner transform rewrites syntax trees,
occurring at the end of the reparandum, and thatirning all right branching structure into left
until that point only fluent grammar rules are bebranching structure, and leaving left branching
ing applied by the speaker. This intuition has alsstructure as is. As a result, constituent structure
been confirmed by empirical studies (Nakatani andan be explicitly built from the bottom up dur-
Hirschberg, 1994), which show that there is no obing incremental recognition. This arrangement is
vious error signal in speech up until the moment ofvell-suited to recognition of speech with errors,
interruption. Although speakers may retrace muchecause it allows constituent structure to be built
of the reparandum for clarity or other reasons, idedp using fluent speech rules until the moment of
ally the reparandum contains nothing but standaidterruption, at which point a special repair rule
grammatical rules until the speech is interrupted. may be applied.

Another recent approach to this problem (John- Before transforming the trees in the gram-
son and Charniak, 2004) uses a tree-adjoinin’qar into right-corner trees, trees are binarized in
grammar (TAG) approach to define a mapping be! e same manner as Jo_hns_on (1998b) and Klein
fween a source sentence possibly containing a r@d Manning (200_33' Binarized trees are then
pair, and a target, fluent sentence. The use J@nsformed into right-comer trees using trans-

the TAG channel model is justified by the putativd®r™ rules similar to those described by John-
crossing dependencies seen in repairs like a son (1998a). In this transform, all right branch-

flight to Boston, uh, | mean, to Denver. where ing sequences in each tree are transformed into
there is repetition from the reparandum to the reft Pranching sequences of symbols of the form
pair. Essentially, this model is building up the“i1/42, denoting an incomplete instance of cate-

reparandum and alteration in tandem, based cﬁ?ry‘;h lacking an instance of category, to the
these crossing dependencies. While thisis an intdignt.

esting model, it focuses on detection and removal Rewrite rules for the right-corner transform are

of EDITED sections, and subsequent parsing 0?hown below, first flattening right-branching struc-

cleaned up speech. As such, it introduces cha"®:

lenges for integrating the system into a real-time 41 4

speech recognizer. o A, -
Recent work by Miller and Schuler (2008) a2/\A3 = AlfAQ A21A3 ’T’

showed how a probabilistic grammar trained on | a1 as as

trees modified by use of theght-corner transform as

can improve parsing accuracy over an unmodified /Al\ A

grammar when tested on the Switchboard corpus. 7 As

The approach described here builds on that work in SN = AJAr AalAs

using right-corner transformed trees, and extends it AQiAB o a|1 a|2

by mapping them to a time-series model to do pars- Qs

ng dlre_gtly n a.model of j[he sort used in speectghen replacing it with left-branching structure:
recognition. This system is shown to be more ac- ) )
1 1

curate than a baseline CYK parser when used to N
parse the Switchboard corpus. The remainder of  A,/dy:an  AsxlAs ... = AjlAs
this section will review the right-corner transform,
followed by Section 3, which will step through an
extended example giving details about the trans- Here, the first two rewrite rules are applied iter-

of processing speech repairs. branching structure, using incomplete constituents

(6%} Al/AQ:Oél [eD)

2For the details of the particular binarization process used
here, see Miller and Schuler (2008).
10One objection to this claim is the case of multiple nested *Here, allA; denote nonterminal symbols, and all de-
repairs. In this case, though, we presume that all reparandate subtrees; the notatioh; :«; indicates a subtree; with
were originally intended by the speaker to be fluent at the timkabel A;; and all rewrites are applied recursively, from leaves
of generation. to root.
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to record the original nonterminal ordering. Theof how repairs occur. The default Switchboard
third rule is then applied to generate left branchingpas, e.g. an NP reparandum (headed by EDITED)
structure, preserving this ordering. and the NP alteration represented as siblings in the
Because this process turns right expansion insyntax tree. This annotation seems to implicitly
left expansion (leaving center expansion as theodel all repairs as stopping the process of pro-
only stack consumer), right-corner transformeducing the current constituent, then starting a new
trees also require less stack memory than ordéne. In contrast, the representation here models re-
nary phrase structure trees. This key property gfairs of this type as a speaker generating a partial
the right-corner transform is exploited in the maphoun phrase, realizing an error, and then continu-
ping of transformed training trees to a time-serie#g to generateéhe same noun phraserhis rep-
model. This property will be examined further inresentation scheme thus represents the beginning

Section 5. of an effort to distinguish between repairs that are
changing the direction of the utterance and those
3 Speech Repair Example that are just fixing a local mistake.

Right-corner transform model of speech

A substantial example of a speech repair from th% 5
" repair

Switchboard corpus can be seen in Figures 1 and
in which the same repair and surrounding context
is shown after the preliminary binarization pro-The right corner transform is then applied to this
cess, and after the right-corner transform. Figexample in Figure 2. The resulting tree represen-
ure 1 also shows, in brackets, the augmented atation is especially valuable because it models hu-
notation described above from Hale et al. (2006)man production of speech repairs well, by not ap-
This scheme consisted of adding -X to an EDITEDplying any special rule until the moment of inter-
label which produced a category X (daughter anruption.
notation), as well as propagating the -UNF label at |n the example in Figure 1, there is an unfinished
the right corner of the tree up through every parergonstituent (PP-UNF) at the end of the reparan-
below the EDITED root. dum. This standard annotation is deficient because
even if an unfinished consituent like PP-UNF is
correctly recognized, and the speaker is essentially
Before applying the right-corner transform, somén an error state, there may be several partially
corpus pre-processing steps are applied — Figompleted constituents above — in Figure 1, the
ure 1 shows an example tree after these chang@®#?, PP, and NP above the PP-UNF. These con-
These steps aim to improve on the default annotatituents need to be completed, but using the stan-
tion of repair in the Switchboard corpus by mak-dard annotation there is only one chance to make
ing the representation more in line with linguisticuse of the information about the error that has oc-
as well as processing desiderata. curred — the ‘NP— NP PP-UNF’ rule. Thus, by
The standard annotation practice of having ththe time the error section is completed, there is no
EDITED label as the category at the root of dnformation by which a parsing algorithm could
reparandum does not represent any proposed liphoose to reduce the topmost NP to EDITED (or
guistic phenomenon, and it conflates speech r&DITED-NP) other than independent rule proba-
pairs of different categories. As a result, the parsdiilities.
is unable to make use of information about which The approach used by Hale et al. (2006) works
syntactic category the reparandum was originallpecause the information about the transition to an
intended to be. This information would be useful‘error state” is propagated up the tree, in the form
in the example discussed here, since an unfinishedl the -UNF tags. As the parsing chart is filled
NP is followed by a completed NP. The daughtein from the bottom up, each rule applied is essen-
annotation used by Hale et al. fixes this annotaially coming out of a special repair rule set, and
tion to allow the parser to have access to this inforso at the top of the tree the EDITED hypothesis is
mation. The annotation scheme in this paper alsauch more likely. However, this requires that sev-
makes use of the daughter annotation. eral fluent speech rules from the data set be modi-
In addition, trees are modified to reduce the arfied for use in a special repair grammar, which not
ity of speech repair rules, and to change the modehly reduces the amount of available training data,

3.1 Re-annotation of speech repair
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Figure 1: Binarized tree repair structure, with the -UNF propagation asala &t al. (2006) shown in
brackets.
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Figure 2: Right-corner transformed tree with repair structure

but violates our intuition that reparanda are usuallgcheme only requires one special rule, where the
fluent up until the actual edit occurs. moment of interruption actually occurred. This re-

The right corner transform works in a differentduces the number of special speech repair rules
way, by building up constituent structure from leftthat need to be learned and saves more potential
to right. In Figure 2, the same repair is showrgxamples of fluent speech rules, and therefore po-
as it appears in the training data for this systenientially makes better use of limited data.

With this representation, the problem noticed by
Hale and colleagues has been solved in a differeﬁt

way, by incrementally building upeft-branching  Thjs section describes how a corpus of trees trans-
rather than right-branching structure, so that onlygrmed as above can be mapped to a time-series
a single special error rule is required at the end qfodel called a Hierarchical Hidden Markov Model
the constituent. As seen in the figure, all of thgqHMM) in order to incorporate parsing into
structure beneath the EDITED-NP label is built USspeech decoding. This suggests that this approach
ing rules from the fluent grammar. It is only atcan pe used in applications using streaming speech
one point, when the PP-UNF is found, that a remput, unlike other parsing approaches which are

pair rule is applied and the EDITED-NP section iypic time on input length at best, and require in-
found. The next step in the process is that the NByt to be pre-segmented.

essentially restarts (the NP/NP label), and the sub- Thjs section will begin by showing how HH-

sequent words start to build up what will be the NRams can model linguistic structure by extending
alteration in a fluent manner. standard Hidden Markov Models (HMMs) used in

To summarize, while the -UNF propagationspeech recognition, and will follow with a descrip-
scheme often requires the entire reparandum tmn of how right-corner transformed trees can be
be generated from a speech repair rule set, thisapped to this model topology.

Mapping to an HHMM
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4.1 Hierarchical HMMs HHMM transition probabilities are calculated in

In general, the hidden state in an HMM can be avo phgses: a ‘rgduge’ phase (r'esulti'ng in an in-
simple or complex as necessary. This can includ&€mediate, marginalized staf?), n wr]|ch com-
factorizing the hidden state into any number of inPoneént HMMs may terminate; and a ‘shift’ phase

terdependent random variables modeling the suf€sulting in a modeled staig), in which untermi-
states of the complex hidden state. A Hierarchi?@ted HMMs transition, and terminated HMMs are

cal Hidden Markov Model is essentially an HMM re-initialized from their parent HMMs. Variables

with a specific factorization that is useful in manyPVer intermediate; and modeled, states are fac-
domains — the hidden state at each time step }gred into sequences of depth-specific variables —

factored intod random variables which function as©n€ for each ol levels in the HMM hierarchy:
a stack, and additional boolean random variables

which regulate the operations of the stack through fo= At 1P (4)
time. The boolean random variables are typically a=(q...¢" (5)
marginalized out when performing inference on a

sequence.

_ _ o _ Transition probabilities are then calculated as a
While the vertical direction of the hidden sub-yq4yct of transition probabilities at each level, us-

states (at a fixed) represents a stack at a Sin'ing level-specific ‘reduce®r and ‘shift ©q mod-
gle point in time, the horizontal direction of the .

hidden sub-states (at a fixefl can be viewed as
simple HMMs at depthd, taking direction from
the HMM above them and controlling those be-
low them. This interpretation will be useful when

Poy(gtlgn) = P(filgu)-Plail fr air) (6)
f

D

t
- L def
formally defining the transitions between the stack = TTPec £ £ g afh)-
elements at different time steps below. tl"DdzlP@Q(qf!fﬁ d gd gy (7)

Formally, HMMs characterize speech or text as

a sequence of hidden statgs(which may con- .. .py 0 A
sist of speech sounds, words, and/or other hypotwIth Ji" andg; defined as constants.

esized syntactic or semantic information), and ob- Shift and reduce probabilities are now defined

served states, at corresponding time stepstyp- in terms of finitely recursive FSAs with probabil-

icaIIy short, Overlapping frames of an audio sig-'ty distributions over transition, recursive expan-

nal, or words or characters in a text processina'on’ and final-state status of states at each hier-

application). A most likely sequence of hiddenarChy level. In simple HHMMs, each interme-

statesj, 1 can then be hypothesized given any scdiate state variable is a boolean switching vari-

quence of observed states 1, using Bayes’ Law able f# € {0,1} and each modeled state variable

(Equation 2) and Markov independence assumﬂ)s— a syntactic, lexical, or phonetic stajg. The

tions (Equation 3) to define a fuR(q: 7| o1.7) intermediate variablg;" is true (equal tal) with

probability as the product of Aanguage Model probability 1 if there is a transition at the level im-
(©.) prior probability and arObservation Model Mediately below! and the stack elemenf, is a

(©0) likelihood probability: final state, and false (equal ® with probability 1
' otherwise?
¢i.7 = argmax P(q1.7[01.7) (1) ot
a.r d| pdHl d d-1yde
Por(fi' | i a0y ) =
= argmaxP(qr.7)-Plorr|qir)  (2) ST
“.r g {lf Ji =0 [ff=0] (8)
If ftd—H: 1 : PeF-Reduce(ftd | Qg—p q1fl:11)

def
= argmax | [ Po,(a | ga)-Poo(ot | a:) (3)
.7 4

N wherefPH = 1 andg) = ROOT.
Language model transitiorie, (¢: | g+-1) OVer  ghift probabilities at each level are defined us-

f:omplex hiddgn stateg; can be modeled us- ing level-specific transitior®q.trans and expan-
ing synchronized levels of stacked-up compo-

nent HMMs in a Hierarchic Hidde.n Markov “Here ] is an indicator function¢] = 1 if ¢ is true,0
Model (HHMM) (Murphy and Paskin, 2001). otherwise.
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Figure 3: Sample tree from Figure 2 mappeditwariable positions of an HHMM at each stack degth
(vertical) and time step (horizontal). Values for final-state variablgg are not shown. Note that some
nonterminal labels have been omitted; labels for these nodes can betrecmuisfrom their children.
This includes the EDITED-NP nonterminal that occurs as a child of the NRIKEB, d=2, indicated in
boldface.

SioN Oq.gxpandmodels: ¢ dis defined to be the number of right branches
between nodel and the root,
d d d—l) def

d
P@Q(qt ‘f t Q19 e ¢t is defined to be the number of words beneath

if f71=0, f1=0: [¢f=q?,] or to the left of noded, and
If ftd+1= 1’ ftdz 0: PeQ-Trans(qgl | qilqg_l) (9) . d . d b . d . I
if fH=1, fA=1: Poq Expand(qu | ¢t e f is defined to bed if node A is a left (or

unary) child,1 otherwise.

where fP* = 1 and¢) = ROOT. This model : .

is conditioned on final-state switching variables a’tA‘ny binary-branching tree can then be annotated

and immediately below the current HHMM level. with these values and rewritten to define labels and

If there is no final state immediately below the final-state values for every combinationdandt

current level (the first case above), it determlnlscovered by the tree. This process simply copies

tically copies the current HHMM state forward to tacked up constituents over multiple time steps,
while other constituents are being recognized. Co-

the next time step. If there is a final state imme?/ dinatesd,t < D.T that A d by th
diately below the current level (the second casgroinatesd, ¢ at are not covered by the

above), it transitions the HHMM state at the Curtreelalrje Iassgr;ed Ilat::et# anldf _tl Thﬁ resdult-
rent level, according to the distributio®qg-trans INg 1abel and ina-state values at each node now

d
And if the state at the current level is final (thedefme a value off and fiy, for each depthl and

third case above), it re-initializes this state glver%'me stept of the HHMM (see Figure 3). Prob-

the state at the level above, according to the dIStr?blcl;g)eS for HHNS\]A mbodelst@Q fxgapd @‘t?h“ans |
bution ©q-gxpana The overall effect is that higher- F-ReduceCan then be estimated from these val-
level HMMs are allowed to transition only when ues d!rect_ly. Like Fhe fight-corner transform, this
lower-level HMMs terminate. An HHMM there- MaPPINg 1S reversible, sg and f values can be

fore behaves like a probabilistic implementation 0¥aken from a hypothesized m_ost likely sequence
a pushdown automaton (or ‘shift-reduce’ parser nd mapped back f[o trees (which can then undergo
with a finite stack, where the maximum stack dept ereverse of the right-corner transform to become
is equal to the number of levels in the HHMM hi_ordlnary phrase structure trees).

erarchy. 5 HHMM Application to Speech Repair

4.2 Mapping trees to HHMM derivations While the HHMM parser described above can pro-

Any tree can now be mapped to an HHMM derivaduce the same output as a standard probablistic
tion by aligning the nonterminals withy cate- CYK parser (the most likely parse tree), the differ-
gories. First, it is necessary to define rightwarént parsing strategy of an HHMM parser and the
depthd, right index positiont, and final (right) close connection of this system with a probabilis-
child statusf, for every nonterminal nodd in a tic model of semantics present potential benefits to
tree, where: the recognition of disfluent speech.
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First, by using a depth-limited stack, this modeto-right fashion on a highly left-branching gram-
better adheres to psycholinguistically observethar, there is also a bottom-up composition of con-
short term memory limits that the human parsestituents, which models the phenomenon of speech
and generator are likely to obey (Cowan, 2001repair naturally and accurately.

Miller, 1956). The use of a depth-limited stack
is enabled by the right-corner transform’s prop6 Evaluation

erty of transforming right expansions to left ex-

pansions, which minimizes stack usage. Corpu§he evaluation of this system was performed on
studies (Schuler et al., 2008) suggest that broéae Switchboard_corpus of trans_cribe_d conversa-
coverage parsing can be achieved via this trandonal speech, using tirergannotations in directo-

form using only four stack elements. In practicafi€s 2 and 3 for training, and the files sw4004.mrg

terms this means that the model is less likely thafp SW4153.mrg in directory 4 for evaluation, fol-
a standard CYK parser to spend time and probabilewing Johnson and Charniak (2004). In addition
ity mass on analyses that conflict with the memoriP testing the HHMM parser on the Switchboard
limits humans appear to be constrained by whefPrPUs, the experiment testing a CYK parser from
generating and understanding speech. Miller and Schuler (2008) was replicated, with
Eﬁlightly better results due to a change in the evalu-

Second, this model is part of a more general . 8 and Il ch in the binarizati
framework that incorporates a model of referentigfl O SCrPt and small changes in the binarization

semantics into the parsing model of the HHMMProcess (both of these changes affect the baseline

(Schuler et al., in press). While the frameworlfinOI tegt systems). ) )
evaluated in this paper models only the syntactic '€ input to the system consists of the terminal

contribution to speech repair, there are some cas@dTPOIs from the trees in the corpus section men-
where syntactic cues are not sufficient to distintioned above. The terminal symbol strings are first

guish disfluent from fluent utterances. In many'€-Processed by stripping punctuation and empty

of these cases, semantic information is the onl§2t€gories, which could not be expected from the
way to tell that an utterance contains a repak. output of a speech recognizer. In addition, any in-

recognition system that incorporates referential s¢ormation about repair is stripped from the input,
mantics with syntax should improve the accurac{ncluding partial words, repair symbofsand in-

of speech repair recognition as it has been showf"UPtion point information. While an integrated
to increase recognition of entities in fluent speecfYStem for processing and parsing speech may use
recognition. both acoustic and syntactic information to find re-

Finally, the semantic model just described, aBas: ar_ld thus may have_: access to some of t.hls
information about where interruptions occur, this

well as the mechanics of the HHMM parser on = . .

a right-corner transformed grammar, combine t es“'?g paradigm is mtende.d o e.valuate' the use of
form a model that accounts for two previouslyt € ngh_t—corner transfor_m na t|me—ser_|es mode_l
distant aspects of speech processing: referential Par>Ng speech repair. To make a fair compari-
semantics and speech repair. From the gener%lQn o Fhe CYK b_asellne of Hale et al. (2006), the
tive view of language processing, the model starts -09 '2€TWas given correct part-of-speech tags as
with a desired referent, and based on that refe'tr—]IOUt along with words.

ent selects the appropriate syntactic structures, an_dﬂ:ce results presented here L:cse two sjtgnglard me:]-
within those it selects the appropriate lexical item&CS T0r assessing accuracy of transcribed speec

to unambiguously describe the referent. In the Sé{\_/lth repairs. The first metric, Parseval F-measure,

mantic sense, then, the model is operating in tgkes into account precision and recall of all non-

top-down fashion, with the referent being the drivi€'Minal (and non pre-terminal) constituents in a

ing force for the generation of syntax and Wordshypothesized tree relative to the gold standard. The

However, since the model is also working in a leftS€cond metric, EDIT-finding F, measures precision
and recall of the words tagged as EDITED in the

SFor example, the sentence “The red...uh...blue box” igypOtheSiZEd tree relative to those tagged EDITED

more likely to be considered a repair in a context with sin——

gle colored boxes, whereas the sentence “The big. .. uh...blue 6Specifically, we switched to using the evalb tool created
box” is less likely to be considered a repair in the same corby Sekine and Collins (1997).

text, although the two sentences have the same syntactic struc- “The Switchboard corpus has special terminal symbols in-
ture. dicating e.g. the start and end of the reparandum.
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in the gold standard. F score is defined as usualale, John, Izhak Shafran, Lisa Yung, Bonnie Dorr,
2pr/(p + r) for precisionp and recall-. Mary Harper, Anna Krasnyanskaya, Matthew Lease,

. Yang Liu, Brian Roark, Matthew Snover, and Robin
Table 1 below shows the results of experiments Stewart. 2006. PCFGs with syntactic and prosodic

using the model of speech repair described in this jygicators of speech repairs. Rroceedings of the
paper. The ‘Baseline’ result shows the accuracy of 45th Annual Conference of the Association for Com-

the binarized grammar at parsing the Switchboard putational Linguistics (COLING-ACL)

test set. The 'RCT’ result shows the accuraCyonnson, Mark and Eugene Charniak. 2004. A tag-
of parsing when the right-corner transform is per- based noisy channel model of speech repair®rén
formed on the trees in the training set prior to train- ceedings of the 42nd Annual Meeting of the Associa-
ing. Finally, the 'HHMM+RCT’ results shows the ~ tion for Computational Linguistics (ACL ‘04pages
accuracy of the HHMM parser system described 33-39, Barcelona, Spain.

in this paper, trained on right-corner trees mappetbhnson, Mark. 1998a. Finite state approximation of
to the random variables at each time step. ‘CYK’ constraint-based grammars using left-corner gram-

‘ - mar transforms. IrProceedings of COLING/AGL
and ‘TAG'’ lines show relevant results from related pages 619-623.

work.

Johnson, Mark. 1998b. PCFG models of linguistic tree
System Parseval F | EDIT F representationComputational Linguistics24:613—
Baseline 63.43 41.82 632.
CYK (H06) 71.16 41.7
RCT 73.21 61.03 Klein, Dan and Christopher D. Manning. 2003. Ac-
HHMM+RCT 77.15 68.03 curate unlexicalized parsing. Proceedings of the
TAG-based model (JCO4)  — 9.7 41st Annual Meeting of the Association for Compu-

tational Linguistics pages 423-430.
Table 1: Summary of results. g pag

Levelt, William J.M. 1983. Monitoring and self-repair
) in speechCognition 14:41-104.
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